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ABSTRACT

Digital breast tomosynthesis (DBT) is a rapidly developing imaging modality that gives some tomographic
information for breast cancer screening. The e ectivenes®f standard mammography can be limited by the
presence of overlapping structures in the breast. A DBT scanconsisting of a limited number of views covering
a limited arc projecting the breast onto a xed at-panel det ector, involves only a small modi cation of
digital mammography, yet DBT yields breast image slices wit reduced interference from overlapping breast
tissues. We have recently developed an iterative image reostruction algorithm for DBT based on image
total variation (TV) minimization that improves on EM in tha t the resulting images have fewer artifacts and
there is no need for additional regularization. In this abstact, we present the total p-norm variation (TpV)
image reconstruction algorithm. TpV has the advantages of ar previous TV algorithm, while improving
substantially on the e ciency. Results for the TpV on clinic al data are shown and compared with EM.
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1. INTRODUCTION

Digital breast tomosynthesis (DBT) ! is an emerging modality that produces three-dimensional beast images.
Screening mammography su ers from the limitation that the complex 3D breast structure is projected into

a plane. Lesions can be obscured by overlaying tissue struates which could cause a false negative, or dense
overlapping tissue can mimic lesions, leading to an unneceary recall of a patient. In DBT, lesion conspicuity

is improved, which could potentially lead to earlier cancerdetection and a more accurate diagnosis.

In tomosynthesis, a volume image is created from a sequencé projection views acquired over a limited
arc. Reconstruction from this data is challenging becausehe data is inherently incomplete. One-shot algo-
rithms such as ltered back-projection (FBP) have been devdoped for DBT image reconstruction. Though
e cient, they tend to yield conspicuous artifacts. Iterati ve algorithms such as expectation-maximization
(EM) have also been employed with DBT. Such algorithms sacrice e ciency, but yield images with fewer
artifacts. An additional drawback for EM, however, is that i n general some form of regularization is needed
which tends to reduce resolving power necessary for calciation detection.

Mathematically, this reconstruction problem can be thought of as an underdetermined linear system.
There will not be a unique solution to this linear system evenunder conditions of ideal data. However,
the solution can be narrowed down by making assumptions on tb image. If the image is sparse in some
representation, then a sparse solution can be found by mininzing the Lo norm of the image, while imposing
a constraint that the image agrees with the measured projedon data to some extent?3 While minimization
of the Lo norm is not practical, minimization of the L3 norm is equivalent under certain conditions. L; norm
minimization is a convex optimization problem for which there exist practical algorithms. One could further
minimize the L, norm where 0<p < 1* There may be an advantage in the presence of data inconsisteies
and noise.



We have previously developed an algorithm that is e ective & reconstructing tomosynthesis images by
nding the image with the minimum total variation (TV) under the constraint that the image agrees with
the projection data up to a speci ed data tolerance. The total variation is the L, norm of the image gradient
magnitude.®

The purpose of this work is to investigate image reconstrudbn through miminizing the L, norm (p=0.8)
of the image gradient magnitude (TpV), rather than the L1 norm, under the constraint that the image agrees
with the projection data to within a set tolerance. The e ect iveness of this new algorithm is demonstrated
by comparing patient data reconstructed with several iteratiive algorithms, namely POCS, TV, TpV, and
EM. Further, we will show the behaviour of each algorithm for truncated iterations.

In section 2, an overview ofL, norm minimization will be given, and section 3 will describethe imaging
system used to acquire the patient data. In section 4, we silshow examples of clinical patient images
reconstructed with each algorithm.

2. METHODS

For the T pV algorithm the optimization problem we seek to solve is:
f~ =argmin kr f ktpy subjectto kM €& (1)

The vector f~ denotes the pixel/voxel representation of the image;g is the discrete set of projection data;
and M is the system matrix, which for the examples shown below is tb ray-driven projection of the image
matrix. The quantity kr f k, is the p-norm of the image gradient magnitude, and for 3D images we dae it
b
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The optimization problem specied by Egs. (1) and (2) depends on two parameters and p. When p =1,
TpV optimization reduces to TV optimization. The data constraint in Eq. (1) allows for the fact that the
data g may be inconsistent, i.e. there may be no imagé™ that satises Mf = g Such inconsistency can
occur when the projector model does not coincide with the aaial projection or when the data contain
noise. In general the minimum data tolerance ., the minimum  such that there exists anf™ satisfying
kM €k , is larger than zero. As increases, images with smaller pV are obtained. In general, the
standard TV norm will not identify the image with the sparsest image gradient, here, because the image
constraint is ellipsoidal, not linear. Reducing p, however, brings Eq. (1) closer to the idealp = 0 case that
does yield the sparse image gradient solution. When the undb/ing image function satis es the assumption
of image gradient sparseness, the reduction gf to values belowp = 1 can improve the accuracy of the image
reconstruction.

In our implementation, POCS (projection onto convex sets) s used to enforce data consistency as well
as pixel value constraints:
(M g2< 2andfma > O 3

The ML-EM algorithm shown is based on the update equation
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where M and M * are the forward and backprojection operators,s = M, and ﬁ indicates a division
k

between the vector elements. Note that the datag is not Poisson-distributed because of the indirect detecto

used to acquire the projection views. The EM algorithm is imdicitly regularized because an unmatched
projector-backprojector pair is used, i.e., the projectoris ray-driven, while the backprojector is voxel-driven.



3. MATERIALS

The clinical data was acquired at the Massachusetts GeneraHospital in Boston, MA. Patient data was
acquired under IRB approval following informed consent. Pdients were imaged by tomosynthesis prior to
undergoing biopsy. The tomosynthesis scan con guration wa such that the x-ray source covered an arc of
50 degrees while acquiring 11 projection views in step-andhoot mode. The detector was stationary during
the scan. Detector pixel size was 100 microns. The source mting point was located at 23.7 cm above
the detector surface, and the gantry rotated on an arc with 412 cm radius. Voxel size was 100 microns X
100 microns x 1mm?

Two patient data sets were selected. One dataset contained mass lesion, the other contained a micro-
calci cation cluster.

4. RESULTS

In the following, the in-focus slice of a mass lesion is showmeconstructed with POCS, TV, T pV, and EM at
1, 5, and 10 iterations. Note that the projection data for this case is contaminated with horizontal lines that
become apparent in all reconstructions. The stripes are soewhat less apparent for the EM reconstruction,
which may be because the EM slice has a smoother appearanceeoall. For all data sets and number of
iterations, POCS is shown as a reference since it is part of th TV and T pV algorithms.

(a) POCS (b) TV () TpV (d) EM

Figure 1. Reconstruction of a breast volume containing a mass lesion, shown after one iteration. (a) POCS, (b) TV,
(c) TpV, (d) EM. The display range for (a)-(c) is [0.4,0.6], w hile it is [0.37,0.52] for (d).



(a) POCS (b) TV (c) TpV (d) EM

Figure 2 . Same as Fig. 1, after 5 iterations.
(b) TV (c) TpV (d) EM

Figure 3 . Same as Fig. 1, after 10 iterations.

The next set of images show the in-focus plane of a microcalcation cluster. Microcalci cations appear
much clearer in both TV and T pV than EM, for all iterations.

5. DISCUSSION

The images shown for POCS are not representative of POCS as aconstruction algorithm, because no
regularization was used. However, unregularized POCS is slwn here because it is the base part of the
TV and T pV algorithms and the comparison highlights the e ects of the TV and T pV gradient descent.
For both TV and T pV, it is striking that image features become apparent after asingle iteration, while it
requires several iterations of the EM algorithm to achieve his. For the mass lesions, after 10 iterations,
slightly more structure is discernible in the total variati on-based algorithms. The di erence in appeareance
of the microcalci cation cluster is striking, a much larger number of individual calci cations can be seen in
the total variation minimization reconstructed images.

In this study, we compared algorithm performance using patent data. While visual assessment of image
quality is by no means a quantitative evaluation, it is important to demonstrate that each algorithm is
capable of reconstructing images from actual data. While cmparisons based on phantom data are more



(a) POCS (b) TV (c) TpV (d) EM

Figure 4. Reconstruction of a breast volume containing a microcalci cation cluster, shown after one iteration. (a)
POCS, (b) TV, (c) TpV, (d) EM. The display range for (a)-(c) is  [0.3,0.6], while it is [0.3,0.55] for (d).
(@) POCS (b) TV (c) TpV (d) EM

Figure 5 . Same as Fig. 4, after 5 iterations.

quatitative, they represent ideal data to some degree, sine some physical factors may not be included in
data models, for instance, few data models account for patig motion and calibration errors.

6. CONCLUSION

In conclusion, we have developed practical TV and TpV algorihms for reconstruction of tomosynthesis
images. Visually, the image quality of clinical images is comparable to ML-EM, in particular, for masses.
However, TV and TpV minimization may have advantages when imaging microcalci cation clusters.
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Figure 6 . Same as Fig. 4, after 10 iterations.
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